Fracture mode analysis via acoustic emission (AE) has attracted research attention as a means of identifying the damage mechanism in machines and engineering structures. However, the estimation of relevant parameters from waveforms detected by AE sensors requires complex analysis because the waveforms are often distorted by the sensor response. Therefore, in this study, we develop a method for the classication of AE signals based on simulated AE waveforms. The simulated AE waveform is a convolution of the simulated elastic wave calculated via the 3D nite-difference time-domain (FDTD) method and the sensor response acquired with the use of the long bar method. The AE signals with different propagation angles obtained with the use of an epoxy-glass ber composite specimen are classi ed, and wavelet contour maps and correlation coef cients are used for AE classi cation. The success of the AE classi cation is validated by the similarity of waveform features between the experiment and simulation.
Introduction
The damage through fracture of machine parts and engineering structures can often lead to eventual catastrophic failure. In order to prevent damage of machine parts and structural members under operating conditions, it is important to non-destructively evaluate the physical state and properties of the materials under consideration. In particular, it is necessary to evaluate the occurrence and progress of cracks due to damage phenomena such as fatigue cracks and stress corrosion cracking. In this context, fracture mode analysis via acoustic emission (AE) has attracted increasing attention as an approach to identify the damage mechanism in machines and structures 1, 2) . In particular, AE pattern recognition analysis has become a prevalent method to estimate the parameters of the crack mode and crack direction. However, the estimation of these crack parameters from AE waveforms detected by AE sensors requires complex analysis because the waveforms are often distorted by sensor response 3, 4) . Furthermore, in a nite specimen, the analysis of AE waveforms becomes complex owing to the presence of re ection waves. Consequently, in previous studies on AE waveform simulation, only waveforms detected by wideband sensors and direct signal arrivals have been studied 5) . To overcome this problem, here, we develop a method for the classi cation of AE signals based on simulated AE waveforms. The simulated AE waveform is a convolution of a simulated elastic wave and the sensor response signal. The simulated elastic wave is calculated using the 3D nite-difference time-domain (FDTD) method 6) for application to a nite specimen, and the sensor response is experimentally acquired. Here, we note that in our previous study 7, 8) , articial AE signals were successfully classi ed by this method. A Hsu-Nielsen source was used to generate arti cial AE waveforms by breaking a pencil-lead over a thin aluminum plate. This led to the excitation of arti cial AE signals on the surface and side walls of the plate. A contour map of the waveform, generated by wavelet transforms, was used for classi cation. The correlation coef cient of the contour map of the waveforms detected in the experiment was compared with that from the simulation and subsequently classi ed. The characteristics of the simulated waveforms were observed to correspond to the arti cial AE waveform.
In this study, AE signals (with different propagation angles) excited by mode I fractures are classi ed with the use of an epoxy-carbon composite specimen. The AE signals detected during the tensile testing of the specimen are identied and classi ed for each propagation angle with use of the developed method, and subsequently, we examine the accuracy of this AE pattern recognition method.
AE Pattern Recognition Method
We propose an AE pattern recognition method to estimate the crack parameters using the convolution of a simulated AE waveform and the sensor response, without the need to measure the overall experimental transfer function. Figure 1 describes the analysis procedure used in our approach. The measurement of the sensor response (Fig. 1 , Box C) and the development of the classi cation method as a matching technique were investigated in the rst stage of the study. Figure 2 depicts the procedure of the AE classi cation method. This gure is an example of the case that AE signals are classi ed into two type fracture. First, the waveform detected by the AE sensor (AE waveform) and the simulated waveforms (Simulation fracture types A & B) are wavelet-transformed. These simulated waveforms are obtained as a convolution of a simulated elastic wave and the sensor response. Here, detected waveform was not only propagated from AE source to the AE sensor directly but also re ected from edge of specimen. This agreement rate was evaluated the waveforms involving re ection wave. Next, wavelet coef cient of high rank 10% was extracted. Finally, the agreement rate between the time-frequency coordinates of both the experiment and simulation was calculated, and the experimental waveform was classi ed based on the higher agreement rate. In this example, the detected AE signal is classi ed for simulation fracture type A with a high agreement rate. In the study, this procedure was repeated for a number of detected AE signals.
Measurement of Sensor Response
The waveforms detected by AE sensors are distorted by the sensor response, and their characteristics depend on the sensor s frequency response and sensitivity. Here, we remark that an accurate measurement of sensor characteristics is possible for AE classi cation. In our previous study, the sensor response was measured with the use of a laser Doppler velocimeter. However, the convoluted waveform was emphasized only near the resonance frequency. Therefore, in this study, we measured the sensor response using a long bar specimen, as proposed by Ono et al. 9) Figure 3 shows the experimental setup for measuring the sensor response. The wave produced by a irradiation of pulse Q-switched Nd:YAG laser was propagated along the long bar and de- tected by a displacement sensor (PAC, S9208) or a resonant-type AE sensor (PAC, R15α). In this study, we used an unfocused laser beam and a long bar with a length of 3000 mm, with the sensor being mounted 300 mm away from the point of irradiation. Here, diameter of laser beam was larger than the size of the specimen. Subsequently, the sensor response was calculated by deconvolution processing. Figure 4 shows the sensor response waveform (a) and the frequency spectrum (b) of the R15α sensor. The obtained sensor response exhibited maximum power at 138 kHz and a smaller peak around 250 kHz. The calculated sensor response could be detected the highest agreement rate that compared to other method used in our previous studies 8) .
Classi cation of AE Waveform by Glass Fiber Fracture
Our method was applied to classify AE signals for glass ber fractures. Figure 5 shows the experimental setup and the specimen geometry for inducing mode I fracture in a glass ber with the use of an epoxy-glass ber composite specimen. A glass ber with a diameter of 0.125 mm was embedded in the epoxy specimen. The specimen was loaded under a constant crosshead speed of 1.0 mm/min, and the AE signals from the fracturing of the glass ber were monitored with two resonance AE sensors (PAC R15α), each mounted 25 mm away from the center of specimen. The AE signals were ampli ed by 40 dB and stored by means of a digitizer.
In Fig. 5 , θ represents the angle between the glass ber direction and the sensor positions. The propagation angle of the AE signals was varied by changing the sensor position with respect to the glass ber direction. We studied the cases of θ = 0 (Test 1), 45 (Test 2), and 90 (Test 3), and the detected AE signals were classi ed for each propagation angle. Figure 6 shows the 3D-FDTD simulation model for mode I fracture of the glass ber. In the simulation, a displacement velocity with a step function having a 0.9 μs rise time was utilized as the input signal 10) , which was applied to the frac- 3 ) were used for our calculation. The grid size and time step were 400 μm and 50 ns, respectively. The output area was determined to correspond to the diameter of the sensor. Figure 7 shows the result of the tensile test for three propagation angles. In our tensile-test stage of the study, 2 AE events were detected in Test 1, 1 AE event was detected in Test 2, and 4 AE events were detected in Test 3. Figure 8 shows a photograph of a glass ber fracture. As a result of observation under a microscope, we assumed that the sources of all AE signals were the mode I fractures of glass ber since the mode I fracture equals the number of AE signals in all tests.
We rst classi ed the AE detected in Test 1 at 318 s (Event Count: E.C 1-1). Figure 9 shows the AE waveform excited by the mode I fracture and the simulation waveforms convoluted with the sensor response for each propagation angle. These waveforms were shifted to the arrival time at 0 s, and they were wavelet-transformed in the frequency range of 0-1 MHz. Both transmitted wave and re ected wave from edge were mixed in the waveforms. These waveforms were next wavelet-transformed in the frequency range of 0-1 MHz. Interval of sampling frequency and time in wavelet contourmaps were 5 kHz and 200 ns, respectively. Thus, pixel size of 200 × 512 was used to calculate agreement rate. Subsequently, the time-frequency coordinate of the high wavelet coef cient was extracted. Figure 10 shows the wavelet coef cient coordinate and the agreement rate between experiment and simulations for each propagation angle. The agreement rate between the detected AE and the 0 simulation waveform was 48.2%, that between the detected AE and 45 simulation waveform was 42.9%, and that between the detected AE and 90 simulation waveform was 23.2%. That is, the 0 simulation waveform most suitably extracted the detected AE waveform features in the interval of 0-25 μs, and this AE was successfully classi ed as corresponding to θ = 0 . In this case, high wavelet coef cient area by an experiment was agree with that by the 0 simulation in the area from 15 μs to 20 μs in Fig. 10 . It was estimated that A 0 mode of lamb wave was contributed in high agreement rate. However, re ected A 0 wave was not detected in the result of 0 simulation. It was implied that accuracy of simulation in re ection wave was not good enough. We need to consider the simulation accuracy on our future studies. Next, we attempted to classify the AE detected in Test 3 at 282 s (Event Count: E.C 3-4). Figure 11 shows the AE waveform excited by the mode I fracture and the simulation waveforms convoluted with the sensor response for each propagation angle. As before, these waveforms were wavelet-transformed, and the time-frequency coordinate of the high wavelet coef cient was extracted. Figure 12 shows the wavelet coef cient coordinate and the agreement rate between experiment and simulations for each propagation angle. The agreement rate between the detected AE and the 0 simulation waveform was 31.1%, that between the detected AE and the 45 simulation waveform was 52.4%, and that between the detected AE and the 90 simulation waveform was 62.0%. As a result, the 90 simulation waveform was considered to have satisfactorily extracted the detected AE waveform features after 30 μs, and this AE was successfully classi ed as corresponding to θ = 90 . Table 1 lists the classi cation results of all AE signals via the AE pattern recognition method. All AE signals showed the highest agreement rate with the simulation waveforms of the actual propagation angles, thereby con rming successful classi cation; that is, the proposed AE pattern recognition method could classify the AE signals (with different propagation angles) excited by the mode I fracture of the glassber. From the table, we note that the agreement rates between AE No. 5 and 6 and the 45 simulation waveform were close to the highest values. Further studies are needed in order to classify the AE signals more accurately and consistently.
Conclusion
In this study, we developed an AE pattern recognition method based on simulated AE waveforms. The simulated AE waveform was a convolution of the simulated elastic wave calculated by the 3D FDTD method and the sensor response acquired with the use of the long bar method. AE signals with different propagation angles were subsequently classi ed, and the results indicated successful classi cation of all the AE signals. Therefore, we concluded that the proposed AE pattern recognition method could classify the AE signals with different propagation angles excited by mode I fracture of a glass ber. In summary, we believe that this approach can be utilized to estimate the fracture type from output AE waveforms. 
